Numerous research studies have explored the effect of hypermedia on learners' performance using Web Based Instruction (WBI). A learner's performance is determined by their varying skills and abilities as well as various differences such as gender, cognitive style and prior knowledge. In this paper, we investigate how differences between individuals influenced learner's performance using a hypermedia system to accommodate an individual's preferences. The effect of learning performance is investigated to explore relationships between measurement attributes including gain scores (post-test minus pre-test), number of pages visited in a WBI program, and time spent on such pages. A data mining approach was used to analyze the results by comparing two clustering algorithms (K-Means and Hierarchical) with two different numbers of clusters. Individual differences had a significant impact on learner behaviour in our WBI program. Additionally, we found that the relationship between attributes that measure performance played an influential role in exploring performance level; the relationship between such attributes induced rules in measuring level of learners'performance.
Introduction
A learner's performance is determined by their varying skills and abilities as well as various personal features such as gender, preferences and background knowledge of the course content.
Such differences, known as "individual differences of learners", have been found to be important factors in the development of non-linear learning systems (Calcaterra, et al., 2005; Mitchell, et al., 2005) . In a hypermedia system, (a non-linear learning system) learners are permitted to learn in their own way and to decide on their own paths through the material (Large, et al., 2002) . In this way, they learn at their own pace and construct their understanding of subject matter actively (Chen & Macredie, 2002; Littlejohn, 2002) .
In this paper, we used a WBI program to accommodate preferences of individual differences using mechanisms provided in Chen, et al. (2006) and where individual differences such as learner's prior knowledge and cognitive styles, more specifically field dependent and field independent were considered. In particular, we group the WBI users into clusters based on their characteristics using three important attributes in measuring their performance: gain score is defined as post-test minus pre-test (g-score), total number of topics pages visited by the participants (t-pages) and total time, in seconds, that each participant spent visiting the topic pages in the WBI program (t-time). Hierarchical and K-Means clustering algorithms were used to explore different numbers of clusters to strengthen our results.
Investigation will focus on the following three key aspects. Firstly, learners were pre-identified using the intersection of the three individual differences (by combining gender, cognitive style and prior knowledge when identifying a learner). Secondly, we investigated the impact of the behaviour of individual difference' intersection on learner performance. Thirdly, we explored the relationship between attributes used to measure learner's performance to induce rules for performance level.
The paper is structured as follows. Section 2 presents related work. Section 3 describes the methodology used to conduct our study and the techniques applied to the analysis of the corresponding data. The findings of our analyses are then discussed in Section 4. A data mining approach provides the basis of our analyses exploring the relationship of attributes that affect the performance of the individual. Finally, conclusions are drawn and possibilities for future work are identified in Section 5.
Background
Many studies argue that no single style will result in better performance. Thus, learners may have different backgrounds, especially in terms of their knowledge skills and needs, so may show various levels of engagement in course content (Wang, 2007) . However, learners whose browsing behaviour was consistent with their own favoured styles obtained the best performance results (Calcaterra, et al., 2005; Mitchell, et al., 2005) . The lack of studies investigating the performance of individual after interacting with WBI programs accommodating user preferences is noteworthy.
Individual Differences
Previous studies have demonstrated the importance of individual differences as a factor in the design of web-based instruction. Such features can have a significant effect on user learning in web-based instruction and may affect the way in which they learn from, and interact with, hypermedia systems. These range from cognitive styles (Kim, 2001; Workman, 2004) to prior knowledge (Calisir & Gurel, 2003; Hölscher & Strube, 2000; Mitchell, et al., 2005) to gender differences (Beckwith, et al., 2005; Roy, et al., 2003; Schumacher & Morahan-Martin, 2001) .
Gender: Most studies indicate that gender is a significant variable in the learning process. This implies that males and females might need different levels of support when they interact with the Web. Some studies have found that males are more actively engaged in browsing than females because they tended to perform more page jumps per minute (Large, et al., 2002; Roy, et al., 2003) . They suggested that males out-perform females in their ability to retrieve information from the Web since they are more experienced users; they formulated queries with fewer keywords, spent less time on individual pages, clicked more links per minutes than females and have more positive attitudes towards online technology in general.
Prior Knowledge: Learners with different levels of prior knowledge, from experts to novices, benefit differently from hypermedia learning systems (Calisir & Gurel, 2003; Wildemuth, 2004) .
Many studies argue that there are different levels of perception in using hypermedia learning systems requiring different ways to navigate (Calisir & Gurel, 2003; McDonald & Stevenson, 1998; Shin, et al., 1994) .
Cognitive Styles: Field dependence and field independence are probably the most well-known division of cognitive styles. The differences between field-dependent and field-independent learners are:
Field independent learners have an impersonal behavior. They are not interested in others and show both physical and psychological distance from people. They tend not to need external referencing methods to process information and are capable of restructuring their knowledge and developing their own internal referencing methods. Thus, field independent learners are generally analytical in their approach.
Field dependent learners have interpersonal behavior in that they show strong interest in others and prefer to be physically close to people. They make greater use of external social influences for structuring their information. Field dependent learners are more attentive to social cues than field independent learners. Thus, field dependent learners are more global in their perceptions (Witkin, et al., 1977) .
Hypermedia and Program Design Elements
Hypermedia provides a flexible approach which helps users to work with the information from different viewpoints. Additional support can be provided to help novices in hypermedia learning.
Thus, graphical overviews and structural cues are powerful and beneficial in providing navigation guidance to novices to ease potential disorientation problems (Chen, et al., 2006) .
Moreover, field dependent users look at examples, while field-independent users frequently examine detailed descriptions . As for the content structure, findings in Chen et al. (2006) indicate that experts focused on locating detailed information while novices tended to get an overview only. A field independent user performs well in terms of analytical thought; they tend to focus on information and browse fewer pages to directly get to relevant topics for completing their tasks. On the other hand, field dependent users have global perceptions to process information. They tend to build an overall picture by browsing more pages (Goodenough, 1976) . For field dependent students, a global picture of the subject can be assisted with pop-up windows. In this case, a pop-up window can be used to show additional topics for field-dependent students who would like to get a global picture of the subject content . Thus, information that is related to tasks is put in the main window containing the topic instructions for field independent and field dependent users, while further information is displayed with a pop-up window for field dependent users.
As for Navigation tools, Chen et al. (2006) showed that index tools were helpful for experts. On the other hand, map and menu tools were beneficial for novice learners in hypermedia learning systems. Moreover, in the study of Lin and Chen (2008) , 101 individuals were examined and their cognitive styles identified by the Cognitive Styles Analysis (CSA) by Riding (1991) .
Results showed that field independent individuals favoured an alphabetical index and a search engine whereas field dependent individuals preferred to use a map to build the entire perceptual fields. Thus field independent users often prefer an alphabetical index to locate specific information, whereas field dependent users often use a hierarchical map to get a global picture of the subject content Chen, 2010; Farrell & Moore, 2001; Chen & Macredie, 2010) . Lee et al. (2009) investigated the relationships between cognitive styles and users' learning behaviour in web-based learning programs. They found that a cognitive style, more specifically field dependent and field independent, could be reached by some rules. "These rules can be applied to replace the CSA or other cognitive style tests and work as criteria for automatic identification of the students' cognitive styles" (Lee, et al., 2009) . In other words, they found that field independent learners prefer non-linear navigation which we provide it by index approach because field independent learners are tend to be more analytical (Ford , et al., 1994 ) and they are very task oriented (Witkin, et al., 1977) . Such a finding is in line with those of Lee et al. (2005) . On the other hand, they found that field dependent learners prefer linear presentation of learning material and have difficulties in non-linear learning which we provide it by hierarchical map approach. Thus, field-dependent learners often use the hierarchical map to illustrate the relationships among different concepts (Turns, et al., 2000) , which reflects the conceptual structure of the subject content (Nilsson & Mayer, 2002) 
Measuring Learners' Performance in Existing Studies
McDonald and Stevenson (1998) measured navigation performance in terms of speed and accuracy in answering questions and locating particular nodes. Results showed that the performance of knowledgeable participants was better than that of non-knowledgeable participants. Additionally, in Mitchell et al. (2005) , performance was measured by a gain score (henceforward 'g-score'), calculated as post-test score minus pre-test score. Those subjects that performed poorly on the pre-test made a greater improvement in the post-test.
The study of Kim (2001) investigated how differences in cognitive style and online search experience influenced the search. They used the time spent for retrieving information and the number of nodes visited for retrieving information as two different indicators for measuring search performance.
As for the gain score, results indicate that novices show a greater improvement in their learning performance than experts. More specifically, those who performed poorly on the pre-test make a greater improvement on the post-test. As for number of visited pages in the WBI programs, studies have found that male, field dependent, experts browse more pages than female, field independent, novices Ford & Chen, 2000; Large, et al., 2002; Roy, et al., 2003) . As for time spent in browsing the WBI programs, some studies have found that male, field independent users spent less time than female field dependent ones Lee, et al., 2009; Roy, et al., 2003) .
The literature on the effects of hypermedia systems on user performance focuses extensively on measurement attributes such as time spent using the system by a user, g-score and number of pages visited in the system. However, there is a dearth of studies which explore the relationship between such attributes in measuring performance level. There is also a lack of studies demonstrating the influence of the behaviour of individual differences' intersection on their performance using such measurements and after interacting with a WBI system.
In this paper, we attempt to answer the following research questions:
RQ1: "What are the relationships between the attributes values in measuring the performance level of the individual differences?" RQ2: "How does the behaviour of individual differences influence learner's performance using three performance measurement attributes?"
Data Mining
Data mining is the process of discovering interesting, unexpected or valuable information from large datasets (Hand, 2007) . It uses data to find unexpected relationships and patterns (Wang, et al., 2002) . By doing so, hidden relationships and interdependencies can be discovered and predictive rules generated (Hedberg, 1995; Gargano & Raggad, 1999) .
Data mining can be divided into clustering, classification and association rules (Witten, et al., 2011) . Among these three approaches, clustering is selected for analyzing data in our study because it can form groups that share similar characteristics where each group consists of objects that are similar amongst themselves and dissimilar to objects of other groups (Roussinov & Zhao, 2003) .
Clustering methods may be grouped into the following two categories: hierarchical and nonhierarchical clustering (Jain & Dubes, 1999) . A hierarchical clustering procedure involves the construction of a hierarchy or tree-like structure, a nested sequence of partitions (Fraley & Raftery, 1998) , while non-hierarchical or partitioned procedures end with a particular number of clusters at a single step. Commonly used non-hierarchical clustering algorithms include the Kmeans algorithm, graph-theoretic approaches via the use of minimum spanning trees, evolutionary clustering algorithms, simulated annealing based methods as well as competitive neural networks such as Self-Organizing Maps. In this paper, we have used both hierarchical clustering and the widely used non-hierarchical clustering method, K-means, to group users into clusters based on their characteristic in measuring their performance using three attributes, 'gscore', 't-pages' and 't-time'.
Methodology Design
In this paper, we used quantitative data obtained from the pre-test, post-test and the log file of the WBI program for our analysis. We define our attribute values: a) gain scores (g-score), b) pages visited in WBI program (t-pages) and c) time spent in browsing the WBI program (t-time) as performance attributes and the independent variables as: a) cognitive style (field dependent and field independent), b) prior knowledge (expert and novices) and c) gender (male and female).
Research Instruments
The WBI program presents an introduction to PowerPoint and provides participants with links within the text, navigation tools, including a hierarchical map and an alphabetical index ( Figure   1 ). Chen and Liu (2008) state that: "field-dependent students rely more heavily on external cues, thus, they prefer to get concrete guidance from examples. One of the possible ways to address their different needs is to show both of the display options, detailed description and concrete examples, within a table. By using a table, all of the relevant information about a particular case can put together in one place. For example, one column can be used to present the detailed descriptions of a particular topic, while the other column provides the illustration with examples for that topic". In our WBI, each topic will be presented in two display options, description details and illustrated examples (Chen, et al., 2006) . Figure 2 shows the design of a topic page presenting the same structure (description and examples).
There are two types of overview, a general overall picture and specific information on a topic.
Specific information is displayed as a pop-up window in our WBI program named 'further details page'. In this way, learners are given control of deciding their own learning paths and choosing their favored navigation tools and display options. Additionally, we logged the display of each page when a participant clicked on any link in the WBI program; the chosen hyperlink was either from an index or from a map frame. The students were handed out a set of tasks to complete on PowerPoint while utilizing the WBI. The tasks sheets contained different main tasks used to cover the questions that are provided in the pre-test and post-test. All of their interactions with the WBI were logged by the system. A pre-test was given to the participants to identify their prior knowledge of using PowerPoint in order to decide whether they were novices or experts. A post-test was provided to measure the gscore of each participant (post-test score minus pre-test score). The pre-test and post-test included 20 multiple-choice questions, each with four different answers and an "I don't know" option, from which the students chose one response. The questions were matched on the pre-test and post-test so that each question on the pre-test had a similar (but not the same) question on the post-test. Creating similar questions on the post-test was achieved by re-phrasing the question. 
Participants
We conducted the experiment at the Higher Institute of Telecommunication and Navigation (HITN) in Kuwait. The total number of participants was 91 and their ages ranged between 18 and 25 years. Participants had different computing and internet skills and were classified in terms of cognitive style, gender, and prior knowledge. Firstly, males and females were placed in different groups. Secondly, in keeping with findings from previous studies the field independent learner favored using the index. Conversely, field dependent learner preferred to use the map Chen & Macredie, 2002; Ford & Chen, 2000) . We used these findings to identify the field dependent and field independent using our WBI program. This was done by inspecting the log file of each participant; we calculated the number of Map and Index pages that each user had visited. Using a hierarchical clustering test, to identify learners as field dependent and field independent learners, we found that if the number of map pages was more than 50% of the pages they had visited, the participant was identified as field dependent. If the number of index pages was greater than 50%, the participant was identified as a field independent user. We chose the 50% to show which were the most pages visited by each learner (Map or Index pages).
Finally, for prior knowledge, we calculated the mean of the pre-test scores of all participants. The calculated mean was 8.5 (SD=3.45) out of a possible 20. If the participant's score in the pre-test was less than or equal to this mean value, the participant was identified as a novice. If the score was greater than the mean, the participant was identified as an expert. 
Procedures
The experiment consisted of four phases. Firstly, participants were asked to practice 30 minutes using the PowerPoint application; this helped to refresh their prior knowledge of PowerPoint.
However, 3 hours was given to the participants in working on the whole experiment including pretest, task, posttest and survey. Pre-test and post-test values were measured at the beginning and at the end of the experiment. Participants individually completed a pre-test and a post-test and no time limit was set for the completion of these tests. Secondly, a pre-test was introduced to each participant to identify their prior knowledge of subject content and to clarify whether they were novices or experts. The results of the pre-test were later used in the final phase. Thirdly, all participants were given an introduction to the use of the WBI programs. They were then asked to spend 2 hours (maximum) interacting with the WBI program using a task. In this way, participants were free to choose preferred navigation tools, display options and content structure by themselves; their interactions with the WBI were stored in a log file. The log file recorded participant movement and registered visited pages as well as the time they spent visiting such pages. The time was used to calculate the time spent on each page to examine how the time and number of page attributes influenced their performance. Each of the 20 questions provided in the pre-test and the post-test was covered as a specific task in the task sheet to ensure that the participants practiced such a topic before the post-test. Finally, in this phase, a post-test was given to the participants to check whether they performed positively by achieving a higher gscore in the post-test than those in the pre-test.
Results and Discussion
In our study, we compared the results of two clustering algorithms, namely K-Means and Hierarchical clustering algorithms. These algorithms were used to study the behaviour of three individual differences: gender, prior knowledge and cognitive style. The cases of individual differences and their intersection defined in our study are as follows: An ANOVA test was computed to explore any significance between individual differences as an independent variable with performance measurements attributes (g-score, t-pages and t-time) as dependent variables. We found significant differences at the 5% level for the g-score value.
However, there were no significant differences with the t-pages and t-time attributes (significance was greater than 5%). Thus, g-score will be used as the first measuring attribute to compare between learner's performance levels.
For each participant interacting with the WBI program, we used three attribute values; 'g-score'
(post-test minus pre-test, where mean of pre-test of the 91 participants is 8.5 and mean of posttest is 11.30), 't-pages' and 't-time'. 
Results of Four Clusters
In this section, we study the clustering algorithms using four clusters (C1, C2, C3, C4) starting with the K-Means algorithm in Analysis One and the Hierarchical algorithm in Analysis Two.
The mean values of g-score, t-pages and t-time of the clusters will be used to study the characteristics of each cluster by comparing these values with the overall mean values shown in Table 3 .
Analysis One:
In Analysis One, we began with the K-Means algorithm using K=4; the attributes that we used in this algorithm are shown in Table 3 . Additionally, we labeled the cases in the used algorithm of each one of the individual differences as shown in Table 2 . Table 4 shows that the highest number of individual differences was located in C1 (N=37). The lowest number was located in C2 (N=4). In C1, all the individual differences were allocated into this cluster, where the highest number of individual differences is in the MFIN category. In C2, we see that FFIN, FFDE and FFDN are allocated into this cluster where the highest number of individual differences in C2 is FFDN. 1. Participants allocated into clusters C1, C2 and C4 had a higher g-score than the overall mean. Those allocated into C3 had a lower g-score than the overall mean value.
2. Participants allocated into clusters C1, C2 and C3 visited more t-pages than the overall mean value; however, C1 was slightly higher. Those allocated into C4 visited fewer tpages than the overall mean value.
3. Participants allocated into clusters C2 and C3 spent a higher t-time than the overall mean value. Those who were allocated into clusters C1 and C4 spent less t-time than the overall mean value on visiting topic pages (t-pages).
Analysis Two:
In this analysis, we used a Hierarchical Clustering Algorithm. We set the number of clusters = 4.
The used attributes are shown in Table 3 and we labeled cases in the used algorithm of each one of the individual differences as shown in Table 2 . Table 6 shows that the highest number of individual differences was located in C1 (N=54). On the other hand, the lowest number was located in C4 (N=3). In C1, all the individual differences were allocated into this cluster, where the highest number of individual differences is MFIN. In C4, we can see that FFIN, FFDE and FFDN are allocated into this cluster (one participant for each of the individual differences). Total  FFIE FFIN FFDE FFDN MFIE MFIN MFDE MFDN   Cluster  Number   C1  3  2  7  10  10  15  5  2  54  C2  3  0  7  6  4  0  2  5  27  C3  2  0  2  1  0  0  2  0  7  C4  0  1  1  1  0  0  0  0  3  Total  8  3  17  18  14  15  9  7  91  Table 6 : Cluster distribution of individual differences of Hierarchical algorithm (4 clusters) From Table 7 , we see the report of the Hierarchical clustering results. We used these attribute values to compare the mean values in each cluster (using the words High and Low) with the overall mean value of all participants; the overall mean value is given in the last row of Table 7 (Total row). From this comparison, we found the following:
Cases of individual differences
1. Participants allocated into clusters C1 and C4 had a higher g-score than the overall mean.
Those allocated into C2 and C3 had a lower g-score than the overall mean value.
2. Participants allocated into clusters C2 and C4 visited more t-pages than the overall mean value. Those allocated into C1 and C3 visited fewer t-pages than the overall mean value.
3. Participants allocated into clusters C2 and C4 spent higher t-time than the overall mean value. Those allocated into clusters C1 and C3 spent less t-time than the overall mean value. 
Discussion of Analysis One and Analysis Two:
The bar charts in Figure 3 show the comparison between the four clusters with the three attribute values (t-pages, t-time, and g-score) using the K-Means algorithm. From these charts and the results of Analysis One, we conclude that participants who achieved a higher g-score after they visited fewer t-pages and spent less t-time in visiting these pages, demonstrate better performance, as shown from the results of C1 and C4, although the t-pages value of C1 is similar to the overall mean value.
We can also conclude that those participants who had achieved a lower g-score after they visited more t-pages and spent higher t-time in visiting these pages did not perform well, as shown from the results of C3. We ignored cluster C2 because it has a low number of participants (4 out of 91 participants); the majority of participants are located in C1, C3 and C4 (numbering 87). The bar charts in Figure 4 show the comparison between the four clusters with the three attribute values, t-pages, t-time and g-score. From these charts and the results of Analysis Two, when comparing C1 with C2, we conclude that participants, who had achieved higher g-score after they visited fewer t-pages and spent less t-time in visiting these pages, improved their performance (C1).
We can also conclude that those participants who had achieved lower g-score after they visited more t-pages and spent higher t-time in visiting these pages did not perform well (C2). We ignored clusters C3 and C4 because of their low number of participants (C3=7 and C4=3); the majority number of participants were located in C1and C2 (81 out of 91 participants). 
Results of Five Clusters
In this section, we study the clustering algorithms using five clusters (C1, C2, C3, C4, C5) starting with the K-Means algorithm in Analysis Three and the Hierarchical algorithm in Analysis Four. The mean values of g-score, t-pages and t-time of the clusters will be used to study the characteristics of each cluster by comparing these values with the overall mean values shown in Table 3 .
Analysis Three:
In this analysis, we started with the K-Means algorithm using K=5. The attributes used in this algorithm are shown in Table 3 . Additionally, we labeled the cases in the algorithm we used for each of the individual differences (Table 2) .
From Table 8 , results show that the highest number of individual differences was located in C5 (N=37). The lowest number was located in C1 (N=3). In C5, all individual differences were allocated into this cluster, where the highest number of individual differences is MFIN. In C1, we see that FFIN, FFDE and FFDN are allocated into this cluster (one participant for each of the individual differences). Table 9 : Cluster Centroids of K-Means algorithm (5 clusters) 1. Participants allocated into clusters C1 and C5 achieved a higher g-score than the overall mean. Those allocated into C3 and C4 had a lower g-score than the overall mean value.
However, C2 is slightly lower.
2. Participants allocated into clusters C1, C3, C4 and C5 had visited more t-pages than the overall mean value. Those allocated into C2 had visited fewer t-pages than the overall mean value.
3. Participants allocated into clusters C1, C3 and C4 spent a higher t-time in visiting these pages than the overall mean value. Those who were allocated into clusters C2 and C5 had less t-time in visiting pages than the overall mean value.
Analysis Four:
We set the number of clusters = 5; the attributes used are shown in Table 3 and we labeled the cases in the algorithm we used of each of the individual differences as per Table 2 . From Table   10 , results show that the highest number of individual differences was located in C1 (N=54). The lowest number was located in C4 (N=3). In C1, all the individual differences were allocated into this cluster, where the highest number of individual differences is for the MFIN category. In C4, we can see that FFIN, FFDE and FFDN are allocated into this cluster (one participant for each of the individual differences). We used Table 11 values to compare the mean values in each cluster (again using the words High and Low) with the overall mean value of all participants; similarly, the overall mean value is given in the final row of Table 11 (Total row). From this comparison, we conclude the following:
1. Participants allocated into clusters C1 and C4 achieved a higher g-score than the overall mean. Those allocated into C2, C3 and C5 had a lower g-score than the overall mean value.
2. Participants allocated into clusters C2 and C4 had more value for t-pages than the overall mean value. Those allocated into C1, C3 and C5 had fewer values of t-pages than the overall mean value. 3. Participants allocated into clusters C2, C4 and C5 had a higher t-time in visiting pages than the overall mean value. Those who were allocated into clusters C1 and C3 had less ttime in visiting pages than the overall mean value.
Discussion of Analysis Three and Analysis Four:
The bar charts in Figure 5 show the comparison between the five clusters with the three attribute values, t-pages, t-time and g-score using the K-Means algorithm. From these charts and the results of Analysis Three, we conclude that participants, who had achieved higher g-score after they visited fewer t-pages and spent less t-time in visiting these pages, improved their performance, as shown from the results of C2 and C5, although the t-pages value of C5 is equal to the overall mean value. We can also conclude that those participants, who had achieved lower g-score after they visited more t-pages and spent higher t-time in visiting these pages did not perform well, as shown from the results of C3 and C4. We ignore the cluster C1 because it has a low number of participants (3 out of 91 participants); where the majority of participants are located in C2, C3, C4 and C5 (88). The bar charts in Figure 6 show a comparison between the five clusters with the three attribute values, t-pages, t-time and g-score using the Hierarchical algorithm. From these charts and the results of Analysis Four, by comparing C1 with C2, we conclude that participants who had achieved higher g-score after they visited fewer t-pages and spent less t-time in visiting these pages performed better. We can also conclude that those participants who had achieved lower gscore after they visited more t-pages and spent higher t-time in visiting these pages did not perform well. We ignore clusters C3, C4 and C5 because of their low number of participants (C3=7 and C4=3, C5=5); the majority number of participants are located in C1and C2 (76 out of 91 participants). 
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Discussion
From the previous discussion, we can conclude that the g-score, t-pages and t-time attributes had a great effect on measuring the performance level of the individual difference intersection.
Additionally, there is a significant relationship between such attributes. These relationships can be encapsulated in the following rules:
1. Rule 1: this rule was established for the relationship "Participants who achieve higher gscore after visiting fewer t-pages and spending less t-time in visiting these pages compared to the global mean value". This relationship considered a learner's best performance. Thus, the best performance is if learner achieved a higher g-score than the mean of all the participants' attribute values after they spent lower time browsing the WBI pages and visited more pages than the mean of all the participants' attribute values.
2. Rule 2: this rule was established for the relationship "The participant who achieves a lower g-score after visiting more t-pages and spending higher t-time in visiting these pages compared to the global mean value". This relationship considered a learner's worst performance. Thus, the worst performance is if learner achieved lower g-score than the overall mean value, after they spent higher time browsing the WBI pages, and visited more pages than the mean of all the participants' attribute values.
To investigate the performance level (High/Low) of the individual differences intersection using Rule 1 and Rule 2, we compared the means of the attribute values (t-pages, t-time and g-score) of the individual difference intersection in each of our four analyses with the mean values of the three attributes shown in Table 3 (t-pages = 15.35, t-time = 2015.36 and g-score = 2.77 1. According to Rule 2, we found that some of the individual difference intersection, those who had shown in the four analyses that they had low performance level are female-field dependent-expert (FFDE), male-field independent-expert (MFIE) and male-field dependent-expert (MFDE). These findings are shown in Table 13 .
We conclude that the intersection of individual differences had a great effect on the performance of the learner. 3. According to Rule 2, we found that some of the individual difference intersection, those who had shown in the four analyses that they had low performance level are female-field dependent-expert (FFDE), male-field independent-expert (MFIE) and male-field dependent-expert (MFDE). These findings are shown in Table 13 .
We conclude that the intersection of individual differences had a great effect on the performance of the learner. 5. According to Rule 2, we found that some of the individual difference intersection, those who had shown in the four analyses that they had low performance level are female-field dependent-expert (FFDE), male-field independent-expert (MFIE) and male-field dependent-expert (MFDE). These findings are shown in Table 13 .
We conclude that the intersection of individual differences had a great effect on the performance of the learner. 
Conclusions
There has been a notable lack of studies investigating the performance of different individual differences after interacting with WBI programs accommodating user preferences. In this paper, we used a WBI program which accommodated preferences of individual differences such as learner's prior knowledge, gender and cognitive styles. In particular, we make advances in grouping the WBI users into clusters based on three important attributes using both hierarchical clustering and K-Means algorithms. Our investigation has been focused on three key aspects.
Firstly, learners were defined using the intersection of the three individual differences (gender, cognitive style and prior knowledge). The concern of this intersection is to identify each learner by each of such individual differences (e.g., MFIE known as Male who is Field Independent and an Expert learner). Secondly, we investigated the impact of individual difference intersection on learner performance; learners were pre-identified using the intersection of three individual differences to understand the impact of the individual differences on learners' performance.
Thirdly, the combined performance measurement attributes give a better understanding of how learners performed. In this paper, we explored the relationship between attributes that had been used to measure learner's performance in order to induce rules for performance level.
Results showed that attributes relationships had an impact on measuring learners' performance level. Those learners were defined using the intersection of the three individual differences.
Additionally, a suggested relationship of such attributes was provided for optimal performance.
The results obtained using clustering were compared to investigate the attributes' relationships that explore the performance level. The first research question related to "What are the relationships between the attributes values in measuring the performance level of the individual differences' intersection?" We demonstrated that the relationship of the three attributes had a significant effect on the performance level of the individual differences' intersection. Moreover, we demonstrated two different rules in measuring the optimal and the worst level of performance. We also found that the intersection of the individual differences female-field independent-novice (FFIN) and the intersection female-field independent-expert (FFIE) had the best performance, whereas the intersection of the individual differences male-field independentexpert (MFIE) had the worst performance.
The second research question was "How the behavior of individual differences' intersection influenced learner's performance using three performance measurement attributes?" we found that Learners achieve optimal performance when they gain a higher score (post-test minus pretest) after spending lower time browsing the WBI program, and browsing fewer pages compared to the overall mean values of the all learners for each of such attributes. Learners exhibit worst performance when they gain a lower score after they spent more time browsing the WBI program and browse more pages compared to the overall mean values for each of attributes. From these findings, we can acknowledge that those learners who have better performance are those who improved better after using our WBI program but they are not necessarily known as better learners (those who are identified as experts). This implies that a learner may use specific preferences accommodated in a WBI program although it may not be helpful for improving their learning performance. These findings imply that "what learners like may not be what they need" (Minetou, et al., 2008) . The other explanation is that performance and preferences are two different things (Minetou, et al., 2008) .
Few previous studies have been carried out to investigate these three attributes (g-score, t-pages and t-time) and what relationships between such attributes may affect learners' performance level using the intersection of three individual differences (gender, cognitive style and prior knowledge). As future work, there is a need to analyze learners' performance using other datamining approaches (e.g., classification and association rules) as well as to consider more subjects and a larger sample to provide additional evidence.
